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Introduction
A knowledge-production function is central to many endogenous economic growth models in which innovation plays a crucial role in sustaining long-term growth. Innovation becomes even more important to productivity growth when a particular national industry approaches the world technology frontier because, at that point, imitation, as opposed to true innovation, is less feasible. Empirical literature confirms the importance of research and development (R&D) expenditures to economic growth [e.g., GUELLEC & VAN POTTELSBERGHE, 2001] . The resources available for the generation of new knowledge are often limited and thus need to be used as efficiently as possible to sustain and promote long-term growth.
Our paper aims at identifying the country-industry combinations that define the world technology frontier in the manufacturing sector. In the literature to date, country-level studies assume a common technology frontier across all industries under observation. Obviously, however, calculating efficiency at the country level ignores differences in the structure and efficiency of different industries. This paper intends to discover which countries have the most efficient industry-specific knowledge production processes. First, we derive efficiency estimates for the entire manufacturing sector at the country level. Second, we relax the assumption of a common country-industry technology frontier and identify those countyindustry combinations that are occupying the world technology frontier. Third, we focus on those industries with the highest efficiency scores -that is, the industries that define the technology frontier -and conduct separate efficiency analyses to add further solid support to our results.
Identifying the best-performing industries among countries can serve the useful purpose of providing a benchmark against which other industries' strengths and weaknesses can be measured. Being able to conduct a performance assessment of knowledge production will help decision makers allocate limited financial resources efficiently so as to achieve the most knowledge production possible. In addition, countries with less efficient industries can use our findings regarding the most efficient countries to improve their own processes.
Although a number of studies measure research efficiency at the country level, ours is the first to analyze it at the industry level. This focus on the industry level of knowledge production provides detailed insight into efficiency differences within and across countries' research activities. It allows us to conduct a fine-grained examination of various nations' domains of specialization, measured by a high share of gross output and industries occupying the world technology frontier.
Our study is based on a unique industry dataset compiled from two sources: EU KLEMS and PATSTAT. We match EPO patent applications to the EU KLEMS industry-level data by using the concordance provided in SCHMOCH & AL. [2003] . To our knowledge, this paper is the first to link these two sources, thus making a unique contribution to the study of research efficiency.
To measure research efficiency across industries, we employ the nonparametric DEA method, an approach well suited, for several reasons, for measuring R&D performance [WANG & HUANG, 2007] . It requires no specification of the functional form of the knowledge production process; neither does it need any a priori information concerning the importance of inputs and outputs. Since DEA is a deterministic approach, extreme observations can have a strong influence on the calculated efficiencies. We circumvent this problem by using the superefficiency approach of BANKER & CHANG [2006] to detect and then remove extreme observations from the sample, thus achieving a consistent and robust technology frontier.
Furthermore, industries of various economic sizes are compared in our model. It is both statistically and economically important to determine whether the underlying technology exhibits increasing, constant, or decreasing returns to scale. Therefore, we test the hypotheses of constant returns to scale using the bootstrap procedure proposed by SIMAR & WILSON [2002] .
Our paper is organized as follows. Section 2 introduces the analytical framework and briefly summarizes the literature in this field. In Section 3, the methodology of data envelopment analysis (DEA) studies is introduced. Section 4 describes the model specification and data.
The empirical results for total manufacturing and by industry are presented in Section 5. Section 6 summarized the findings and concludes.
Analytical Framework
We focus on the economic process leading to reduction in the cost of producing existing products (process innovations) or in the development of new products (product innovations).
In particular, we analyze whether there are substantial differences in knowledge creation between countries and industries.
Our model follows the "knowledge production function" framework first articulated by GRILICHES [1979] and implemented by PAKES & GRILICHES [1984] , JAFFE [1986] , HALL & ZIEDONIS [2001] , among others. Innovative output is the product of knowledge-generating inputs, similar to the production of physical goods. Some observable measures of inputs, such as R&D expenditure and high-skilled labor and researchers, are invested in a knowledge production function. These "inputs" are directed toward producing economically valuable knowledge. The production process is viewed as a continuum leading from R&D and human capital (the inputs) to some observable measure of innovative activity:
where I is innovative output, R&D denotes the R&D capital stock as a proxy for accumulated knowledge, and HS and MS are, respectively, the number of high-skilled and medium-skilled workers employed. The unit of observation is the country (c) industry (i) level.
Innovative output as the result of knowledge production is difficult to measure. We use patent applications as a measure of successful knowledge production, although doing so has its drawbacks. First, patent applications are often criticized as measuring just one component of the innovative output since inventors may choose other protection strategies, such as trade secrets. Thus, the use of patents underestimates real innovative activity. Second, research [E.G., SCHERER, 1965; PAKES & SCHANKERMAN, 1984; PAKES, 1986; GRILICHES, 1990] shows that the value of patents is skewed to the right, with only a few patents being highly valuable.
Despite this criticism, however, patents are probably the best indicator of research output and are widely used as such in the literature [E.G., HAUSMAN ET AL., 1984; KORTUM, 1997; TEITEL, 1994] . First, they are by definition related to inventiveness and based on an objective and fairly time-insensitive standard. Second, data on patent applications are widely available and provide additional information about the origin of the inventor and a detailed technological classification of the underlying invention.
Based on a knowledge production function framework, the literature confirms the importance of research personnel and R&D capital to the knowledge creation process; however, far less attention has been paid to the importance of the efficient use of scare resources in this process. ROUSSEAU & ROUSSEAU [1997 were the first to use a DEA approach to assess the relative efficiency of the R&D process. Using a sample of 18 developed countries, they applied an input-oriented, constant return to scale model with two outputs-the number of scientific publications and the number of granted patents at the European Patent Office (EPO) -and used GDP, along with population and R&D investment, as input factors. Based on their data and specification, they found Switzerland to be the most efficient country in Europe in 1993, followed closely by the Netherlands. Using the same framework, ROUSSEAU & ROUSSEAU [1998] extended their work on R&D efficiency by including the non-European countries, specifically the United States, Canada, Australia, and Japan. With the caveat that the findings could contain some bias due to using EPO patent applications for the non-European countries, the authors reaffirmed their previous conclusion that Switzerland, again followed by the Netherlands, are the countries with the highest research efficiency. LEE & PARK [2005] measure R&D efficiency in 27 countries with a special emphasis on Asia.
They expand ROUSSEAU & ROUSSEAU'S [1997 basic framework by using the technology balance of receipts as an additional output of the innovation process. In their basic model, Austria, Finland, Germany, Hungary, and Great Britain are found to occupy the technology frontier. WANG & HUANG [2007] propose a three-stage approach to evaluating the relative technical efficiency of R&D across 30 OECD member and nonmember countries that controls for crosscountry variation in external factors such as the enrollment rate in tertiary education, PC density, and English proficiency. In the first stage, they apply an input-oriented DEA analysis where patents and publications serve as outputs and R&D expenditure and researchers as inputs. Their findings indicate that about half the countries in their sample are efficient in R&D activity. In a second stage, they take the input slacks generated in the first stage as the dependent variable for a Tobit regression in order to purge external effects caused by environmental factors outside the efficiency evaluation. Using the results from the second stage, an additional DEA is conducted, the results of which indicate a decrease in the number of efficient countries due to the external factors.
A recent study by SHARMA & THOMAS [2008] measures the efficiency of the R&D process across 18 countries using a DEA approach that applies constant as well as variable returns to scale production technology. Their approach deviates from previous work in two ways. First, they consider a time lag between R&D expenditure and patents granted and, second, they include developing countries in their analysis. Their main findings indicate that when using the constant returns to scale approach, Japan, the Republic of Korea, and China occupy the efficiency frontier, whereas within the variable returns to scale framework, Japan, the Republic of Korea, China, India, Slovenia, and Hungary are found to be efficient.
Methods
Data envelopment analysis (DEA) is a nonparametric approach to measuring the efficiency of a DMU that neither requires any assumptions about the functional form of a production function nor any a priori information on the importance of inputs and outputs. Central to DEA is the production frontier, which is defined as the geometrical locus of optimal production plans [SIMAR & WILSON, 1998 . Using linear programming techniques, a piecewise linear surface, or frontier, that envelopes the data is constructed as a reference point. The individual efficiencies of each DMU relative to the production frontier are then calculated by means of distance functions. DMUs located on the frontier are considered 100% efficient, whereas DMUs with efficiency scores below 100% are inefficient. The distance to the frontier is thus a measure of inefficiency. There are basically two types of DEA model: those that maximize outputs, leaving the input vector fixed (output-oriented), and those that minimize inputs, keeping the output vector constant (input-oriented).
We use the output-oriented approach with constant returns to scale technology. The efficiency Our DEA estimator is a deterministic frontier model, which implies that all observations are assumed to be technically attainable. The main drawback of deterministic frontier models is that they are highly sensitive to outliers and extreme values in the data [SIMAR & WILSON, 2000 . Outliers are extreme observations often caused by errors in measuring either the inputs or outputs. It is therefore important to assess ex ante whether the data contain outliers that are driving the location of the efficiency boundary and inappropriately influencing the performance estimations of the other DMUs in the sample. In this paper we use the superefficiency method proposed by ANDERSEN & PETERSEN [1993] and BANKER & CHANG [2006] to identify and remove extreme values ex ante. The concept of super-efficiency is based on the idea of re-estimating the production frontier with different sets of observations from the sample. At every step some of the efficient DMUs are excluded from the reference set so that it is possible to obtain efficiency scores that exceed 1. If an efficient observation is an outlier, it is more likely to have an output level much greater than that of other observations with similar input levels. These outliers are more likely to have a super-efficiency score greater than therefore, assigning publications to industries is highly problematic and would involve the difficult and possibly not entirely objective task of matching journals to sectors. Third, publication counts have the potential to introduce a language bias in favor of Anglophone countries.
W accounted for as a single industry-country combination in time without considering the panel structure of the data. Since the objective of business R&D is to increase innovative output so as to improve the firm's competitive position, we apply an output-oriented DEA model. can be interpreted as its main class, 6 a weighting scheme is needed so as to avoid double counting of patents. Therefore, we weight every technology class mentioned in an application by the reciprocal of the total number of classes when constructing our industry-specific patent aggregates at the country level, which serves as the output in our efficiency analysis. 7 Finally, some further aggregation of NACE classes is needed to match the patent data to the input data sources. A detailed description of the concordance is provided in Appendix A.
Human However, these data are not available at the sector level and so we approximate human capital input by the share of skilled workers as we are convinced that researchers and support staff are mainly recruited from this group. The exact distinction between high-skilled and mediumskilled workers is of necessity vague due to differences in national educational systems [TIMMER & AL. 2007 , 2008 . In case of high-skilled labor, comparability can be assumed for bachelor degrees, but not for any others. Therefore, we decided to include both high-and medium-skilled labor as inputs to control for heterogeneity across countries. However, our findings suggest that the main results are robust with respect to the use of skilled or high- Our dataset covers 13 industries for the period 2000 to 2004. 11 We impose one restriction on the industry-specific country patent aggregates, namely, that at least 15 patents were applied for within a certain year, to make sure that sufficient patent activity is present in each sector of the countries covered. Looking at the country-level statistics, namely, the aggregated manufacturing-level data (Appendix C), we find that the United States has the highest average number of patent applications at the EPO, which is remarkable considering the "home" bias of the European countries in our sample. In Europe, Germany is the most frequent patent applicant, with an average R&D stock almost twice that of France. Comparing the number of high-skilled and medium-skilled workers, we find substantial variation across countries. Notably, the number of high-skilled workers in South Korea is more than four times that of Germany.
Appendix B shows the industry-specific means of the input and output variables calculated by averaging over countries and years. The two industries in our sample that exhibit the highest 11 The truncation point is determined by the availability of patent applications, which are published 18 months after application. patent intensity are chemicals and chemical products and electrical and optical equipment.
Both industries also have comparatively high R&D stock.
Consistent with recent literature on research efficiency [SHARMA & THOMAS, 2008; WANG & HUANG, 2007] , we impose a lag structure for inputs to account for the fact that R&D efforts do not immediately result in innovative output [HALL & AL., 1986] . Therefore, inputs are lagged by two years in the DEA application.
Results
The empirical analysis is divided into three parts. First, we derive efficiency estimates for the manufacturing sector at the country level. Second, we identify industries occupying the world technology frontier by proceeding to industry-and country-specific data. Third, we focus on those industries revealing the highest efficiency scores -thereby defining the frontier -and conduct separate efficiency analyses for the industries of interest.
Cross-country comparison
A first impression of research efficiency in manufacturing is given by comparing average efficiencies at the country level. Figure 1 displays these average efficiencies for the period from 2000 to 2004. Averages are derived by first aggregating over sector-level data and then conducting a variable returns to scale 12 DEA analysis using these country-level aggregates.
We implicitly assume of a time-invariant technology frontier and focus on the distance of countries from the estimated frontier. An alternative method would be to compare the technology frontiers of different years by means of Malmquist indices, as suggested in COELLI & AL. [2005] . 13 We find that Germany and Denmark are the most efficient countries with respect to research output in manufacturing, followed by the United States, the Netherlands, and Belgium ( Figure   1 ). These countries could serve as benchmarks to help less efficient countries improve their performance. The high average efficiency of the United States, indicative of a remarkably strong position in the international context, is especially noteworthy due to our use of 12 As shown by Sharma & Thomas [2008] , most countries reveal increasing returns to scale, hence, a constant returns to scale technology is inappropriate.
13 This approach is impossible in case of unbalanced panels and therefore not applicable for our datasets because we do not observe sufficient patent activity across all years, countries, and sectors.
European patent data to approximate innovative output. The lowest efficiency score was found for the Czech Republic, which is only slowly entering the international patenting arena. Recently, however, the country has increased its R&D efforts, and a 2008 OECD publication [OECD, 2008a] reveals that the Czech Republic is engaging in a great deal of cooperation with foreign co-inventors. Thus, our first-inventor approach to determining an invention's country of origin might contain a downward bias in the case of the Czech Republic, as the domestic inventor is often named second in international patent applications.
Analysis across countries and industries
The next step in our empirical analysis is to measure research efficiency across countries and industries by conducting DEA using a pooled sample of industry-country observations. 14 The assumption of a constant technology frontier enveloping all industries will be relaxed in 14 Poland and the Czech Republic have to be dropped due to insufficient data at the sector level.
the next section when we carry out an industry-specific efficiency analyses. To ensure the estimation of a consistent and robust technology frontier across countries and industries, we apply ex ante outlier detection by means of super-efficiency analysis [BANKER & CHANG, 2006] .
A first impression of research efficiency at the industry level is achieved by comparing the average scores across industries. Therefore, we derive pooled cross-section frontier estimates where each observation is accounting for one industry in a certain country in one year and then average over countries, as shown in Table 2 .
Industry

Average efficiency
Food products, beverages, and tobacco 0.114
Textiles, textile products, leather, and footwear 0.232
Wood, products of wood and cork 0.250
Pulp, paper, paper products, printing, and publishing 0.175
Coke, refined petroleum products, and nuclear fuel 0.219
Chemicals and chemical products 0.531
Rubber and plastics products 0.542
Other nonmetallic mineral products 0.505
Basic metals and fabricated metal products 0.299
Machinery, NEC 0.591
Electrical and optical equipment 0.638 Transport equipment 0.216
Manufacturing, NEC; recycling 0.454 Table 2 Average research efficiency at the industry level
The intertemporal frontier estimation exhibits average technical efficiencies of between 0.11 and 0.64, which are relatively low compared to those found in other empirical work. These results suggest that large inefficiencies are present within the knowledge production process.
The low mean efficiencies are influenced by the large within-sample variation in research efficiency across countries.
There are substantial differences in patent intensity across industries. Chemicals, pharmaceuticals, and information and communication technology are known to be among the most patent-intensive industries, followed by machinery [SHEEHAN & AL., 2004] . This phenomenon may be due to different strategic motives for patenting in these industries, leading to patent fences or patent thickets, both of which accelerate patenting [NOEL & SCHANKERMAN, 2006; SCHNEIDER, 2008] . Therefore, one could argue that it is not surprising to find a higher average efficiency in electrical and optical equipment, chemicals (including pharmaceuticals), plastics products, and machinery simply because these industries tend to
seek patent protection more often than do other sectors. However, these industries also exhibit greater R&D intensity and larger R&D stocks compared to others, as shown in our descriptive statistics in Section 4. Hence, our results suggest that the observable knowledge production process is more efficient in these industries and thus defines the research technology frontier. Overall, we find electrical and optical equipment to be the most important industry when determining the technology frontier, followed by machinery.
Industry-specific analysis
We now relax the assumption of a common technology frontier and conduct separate industryspecific frontier estimations to identify leading countries, as well as those lagging behind, for the main industries of interest: electrical and optical equipment, machinery, and chemical products. The economic importance of these industries in the countries can be seen from Running separate DEA analysis for the frontier industries generally corroborates our earlier findings. Germany and Denmark occupy the research frontier along with the United States and the Netherlands. We observe a relatively weak performance on the part of South Korea, the United Kingdom, and Spain, indicating that these countries have the potential to raise output given their levels of R&D effort. Once again, the score for South Korea should be interpreted with caution.
In the case of electrical and optical equipment, Australia joins the group of leading countries, whereas the United Kingdom shows the weakest performance.
In regard to the machinery industry, our earlier results showed this sector as efficient in Italy, Germany, and the Netherlands. Italy's proficiency in this sector is confirmed by the present estimation results. The group of highly efficient countries in machinery also includes Belgium In the chemicals and chemical products industry, Germany is again the dominant player. The industry-specific analysis confirms the already identified leading groups of countries, with Australia close behind. At the end of the distribution, we find the United Kingdom, South Korea, Spain, and Japan, with a low average efficiency of about 0.5. Even though Japan is known for is pharmaceutical industry, the patent activity covered by the EPO dataset reveals substantial inefficiencies in the process of research and development, even when accounting for the home bias in patent applications.
This DEA application's focus on a single industry has given us a clearer picture of the strengths and weaknesses of our countries and, more specifically, of the gap between those that are efficient and those that are not. Compared to other industries, the efficiency gap in machinery production most obviously separates the countries into two groups: highly efficient and barely efficient.
Conclusions
This paper analyzes research efficiency at the industry level in total manufacturing for 13
European member and four nonmember countries between 2000 and 2004. We consider three inputs: knowledge stocks approximated by R&D expenditures and high-and medium-skilled labor to capture manpower.
The results on overall manufacturing can be summarized by sorting the countries into three groups according to their average research efficiency score: At the industry level, we find electrical and optical equipment to be the most important industry when determining the technology frontier, followed by machinery. Running separate DEA analyses for selected industries further supports the findings from the pooled estimation.
Furthermore, estimating distinct industry frontiers paints a clearer picture of national strengths and weaknesses and, more specifically, shows more clearly the size of the gap between efficient countries and those that are less so.
Our results can provide guidance to policymakers interested in improving innovative performance and thereby ensuring long-term economic growth. Specifically, in a case of limited resources, priority should be given to those industries promising the largest output for the available amount of investment. However, the findings of this study should not be inappropriately overgeneralized, but viewed more broadly as general, indeed somewhat theoretical, advice An interesting avenue of exploration for future research would be to test the influence of industry structure variables (e.g., competition or concentration) on research efficiency. This could be done with the bootstrap procedure proposed by SIMAR &WILSON [2007] , which permits valid inference in the second-stage truncated regression of the efficiency scores on environmental variables while showing that conventional approaches for drawing inference in truncated Tobit regressions are invalid. 
24
Chemicals and chemical products B01J, B09B, B09C, B29B, C01B, C01C, C01D, C01, C01G, C02F, C05B, C05C, C05D, C05F, C05G, C07B, C07C, C07F, C07G, C08B, C08C, C08F, C08, C08J, C08K, C08L, C09B, C09C, C09D, C09K, C10B, C10C, C10H, C10J, C10K, C12S, C25B, F17C, F17D, F25J, G21F, A01N, B27K, A61K, A61P, C07D, C07H, C07J, C07K, C12N, C12P, C12Q, C09F, C11D, D06L, A62D, C06B, C06C, C06D, C08H, C09G, C09H, C09J, C10M, C11B, C11C, C14C, C23F, C23G, D01C, F42B, F42D, G03C, D01F
25
Rubber and plastics products A45C, B29C, B29D, B60C, B65D, B67D, E02B, F16L, H02G
26
Other nonmetallic mineral products B24D, B28B, B28C, B32B, C03B, C03C, C04B, E04B, E04C, E04, E04F, G21B
27t28 Basic metals and fabricated metal products B21C, B21G, B22D, C21B, C21C, C21D, C22B, C22C, C22F, C25C, C25F, C30B, D07B, E03F, E04H, F27D, H01B, A01L, A44B, A47H, A47K, B21K, B21L, B22F, B25B, B25C, B25F, B25G, B25H, B26B, B27G, B44C, B65F, B82B, C23D, C25D, E01D, E01F, E02C, E03B, E03C, E03D, E05B, E05C, E05D, E05F, E05G, E06B, F01K, F15D, F16B, F16P, F16S, F16T, F17B, F22B, F22G, F24J, G21H 29 Machinery, NEC B23F, F01B, F01C, F01D, F03B, F03C, F03D, F03G, F04B, F04C, F04D, F15B, F16C, F16D, F16F, F16H, F16K, F16M, F23R, A62C, B01D, B04C, B05B, B61B, B65G, B66B, B66C, B66D, B66F, C10F, C12L, F16G, F22D, F23B, F23C, F23D, F23G, F23H, F23J, F23K, F23L, F23M, F24F, F24H, F25B, F27B, F28B, F28C, F28D, F28F, F28G, G01G, H05F, A01B, A01C, A01D, A01F, A01G, A01J, A01K, A01M, B27L, B21D, B21F, B21H, B21J, B23B, B23C, B23D, B23G, B23H, B23K, B23P, B23Q, B24B, B24C, B25D, B25J, B26F, B27B, B27C, B27F, B27J, B28D, B30B, E21C, A21C, A22B, A22C, A23N, A24C, A41H, A42C, A43D, B01F, B02B, 15 Based on Schmoch & al. [2003] .
